Minor interpolation error of spatially continuous precipitation is increasingly in demand to support many climate studies. In this paper, based on the thin-plate smoothing splines (ANUSPLIN), we 
INTRODUCTION
Precipitation, as the most important component of water resources on Earth, is one of the basic meteorological elements and affects human life directly and indirectly (Yatagai et al. ) . In recent decades, a gridded precipitation dataset has become necessary for the investigation of climate change, the validation of climate models, and satellite precipitation products (Zhao & Yatagai ) , and the detection of how climate impacts terrestrial ecosystems (Scholze et al. ) , water resources (Thomas ) , and hydrological processes (Haberlandt ) . Recently, wind information and terrain orientation have also been successfully used for precipitation interpolation in mountainous areas ( Johansson & Chen ; Castro et al. ) . Among these approaches, the outstanding advantages of ANUSPLIN are mainly shown in the following two aspects: on the one hand, a smoothing term is tuned to minimize the cross-validation error automatically; on the other hand, the relationship between precipitation and elevation can vary spatially in ANUSPLIN. Therefore, this method has always been applied to generate gridded data in large domains on daily or monthly time scale 
where each x i is a d-dimensional vector of independent variables, f is an unknown smooth function of x i , each y i is a p-dimensional vector of independent covariates, b is an unknown p-dimensional vector of coefficients of y i and each e i is an independent, zero mean error (ME) term with variance w i σ 2 , where w i is termed the relative error variance (known) and σ 2 is the error variance which is constant across all data points, but normally unknown. The model is reduced to an ordinary thin-plate spline model when there are no covariates (p ¼ 0). In application here, ordinary spline is considered, with x i representing the coordinates for longitude, latitude, and appropriately scaled elevation (Hutchinson & Xu ) . The function f and the coefficient vector b are determined by minimizing:
where J m (f) is a measure of the complexity of f, the 'roughness penalty' is defined in terms of an integral of mth 
Interpolation error evaluation
We designed two interpolated experiments to evaluate the interpolation error. Experiment I was a ANUSPLIN interpolation process using only the NMIC dataset, named as It is evaluated by the derived covariance structure of the surface coefficients in the following equation:
where a x is a vector depending on an arbitrary position x, and 
where e i and o i is the estimated and observed monthly precipitation at each withheld station, respectively; N represents the number of months.
RESULTS

Evaluation by MSEs
MSEs More specifically, the greatest reductions in monthly MSEs were observed in August, July, May, and June with average reductions being À0.57, À0.44, À0.41, and À0.39 mm, respectively. Nevertheless, from December to March, the MSEs generated by NMIC þ GHCNM were slightly higher, rather than lower, than that of NMIC. These various effects on months can be mainly attributed to the uneven seasonal distribution and high spatial variation of precipitation over China.
Evaluation by withheld data
Analysis of data from 21 withheld sites with a sample size of 7,560 site-months verified the equivalence relation To investigate the causes of this phenomenon more specifically, we further mapped the corresponding interpolation error at each withheld station in Figure 6 .
As shown in Figure 6 , the ME and MAE across 21 with- Similar to the MSEs method, to further detect the seasonal pattern of interpolation error over all withheld sites, the boxplots shown in Figure 7 report the monthly variations of ME and MAE for two experiments. Owing to the fact that winter exhibits the least precipitation of all seasons over the entire regions (Zhang et al. ; Sui et al. ) , the box ranges of ME and MAE, defined as the difference between the 75th and 25th percentiles, were the narrowest in both experiments in winter, relative to other seasons (Figure 7 ). In contrast, more than 50% of the total annual precipitation falls in summer in China (Sui et al. ) , and convective processes which produce localized rainfall events could result in high spatial variability in this season; therefore, interpolation errors in summer reached the greatest with averaged MAE being 27.7 and 22.7 mm month À1 in NMIC and NMIC þ GHCNM datasets, respectively (Table 1) . Furthermore, compared with the former dataset, the box ranges of ME and MAE generated by the latter dataset were significantly reduced, again reflecting that numerous errors had been removed by utilizing the GHCNM dataset. Given the monthly variation of averaged ME in Table 1 , although the observed precipitation from the NMIC dataset had been underestimated in most months due to the sparse observation networks near border areas, these negative biases were markedly removed in the interpolation process of NMIC þ GHCNM datasets. Meanwhile, an overall reduction in MAE for each month was observed after using periphery stations (Table 1) , with an average reduction of 2.8 mm month À1 . In summary, the spatial distributions of interpolated precipitation are similar between the two experiments.
Spatial distribution of interpolated precipitation
The monsoon system coupled with topography generates a remarkable change for annual total precipitation (Zhai et al. ) , from less than 100 mm in the northwestern desert interior to more than 2,000 mm on the southeastern coast (Figure 8 ). Furthermore, precipitation in the mountainous regions is more abundant than the plains (Sun et al. ) due to forced uplift and cooling of moisture-bearing winds by terrain barriers; for example, in
Qaidam Basin, the annual precipitation is less than 50 mm while the value is up to 400 mm in the neighboring Qilian Mountain. However, there exists obvious interpolation differences between two experiments in border areas, such as the north of Northwest China (Region I), the east of Northeast China (Region III), and the south of Tibet Autonomous Region (Region VII and VIII). Among these border areas, using the GHCNM dataset removed substantial negative effects introduced by sparse observation coverage, and corresponding spatial distribution was more accurate than that produced only using the NMIC dataset. It was especially true in the The grey and white boxes denote the NMIC and NMIC þ GHCNM, respectively. The upper and lower whiskers of each box are the 90th and 10th percentile of samples, respectively. Nevertheless, we found that the following three major issues should be paid sufficient attention when using the ANUSPLIN model to generate gridded precipitation data. by doing that, we would clearly know how the precipitation Figure 9 | MAE temporal variation of a withheld station located in the northern piedmont of the Himalayas.
